We formulate a stochastic production frontier model to estimate the production efficiency scores while correcting for technical progress and weather effects in the form of temperature and precipitation levels and volatility. We econometrically estimate a model for European agriculture.
Introduction
Changes in climate, i.e., the average weather patterns over longer periods, constitute a significant, tangible, and costly challenge to humanity in the twenty-first century [1] . The phenomenon is defined by the Intergovernmental Panel on Climate Change (IPCC) as "a change in the state of the climate that can be identified (e.g., by using statistical tests) by changes in the mean and/or the variability of its properties and that persists for an extended period, typically decades or longer" [2] .
The process behind the climatic changes seems deceptively well understood. The earth's system warms up when solar radiations pass through the earth's atmosphere. These radiations also warm up greenhouse gasses, which reradiate lower wavelengths that would be reflected back into space under normal circumstances. This process causes the sea and land surface temperatures to rise, accompanying a change in sea levels, storm intensity, snow caps and glaciers, warmer air, increased humidity, and changes in in rainfall frequency [3] . Human activities contribute to this process by increasing the greenhouse gasses concentration in the atmosphere [4, 5] . IPCC has declared current climatic developments to be "unequivocal" and "unprecedented", and established the last three decades as the warmest since 1850 [2] . The frequency of heat waves and of heavy precipitation has likely increased in large parts of Europe since 1950 [5] .
Climate scientists expect surface temperature to increase in the range of 0.3-0.7 • C by the year 2035 relative to the period 1986-2005 [2] . Forecasts beyond this point are challenging due to the feedback loops between the climate and economic systems and are systematically summarized in so-called representative concentration paths (RCP) named after the forecasts of radiative forcing values they entail for the year 2100. RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5 in W/m 2 are typically closely examined [5] .
Europe until the year 2035 is likely to experience more warm and hot days and nights, while the number of cold days and nights will decrease. The number of hot days and nights is also likely to increase. For the late 21st century, it is very likely that more heat waves will occur over most land areas
Literature Review
Several recent contributions address the issue of weather and climate effects on productivity and efficiency with total factor productivity defined as the ratio of aggregate output to aggregate input and used as a measure of efficiency. Letta and Tol (2016) investigate the effects of temperature and precipitation shocks on total factor productivity from a macroeconomic perspective by examining the equation describing the production technology found in integrated assessment models like DICE (the Dynamic Integrated Climate-Economy model) [12] . More specifically, they introduce a factor explicitly accounting for the hypothesized dependence of the technical change on weather shocks, which are presumably unanticipated by economic agents, and subsequently econometrically test for it. The preliminary estimation results shows the significance of weather shocks in the case of less developed economies. Their analysis is, however, somewhat limited by the fact that the authors test their hypothesis using data on an aggregated national level. Since different sectors of the economy cannot necessarily be assumed affected by weather shocks in the same magnitude, it would be preferable to use sector level data to safeguard for sectoral specific effects balancing each other out and obscuring the relationships of interest.
A study dedicated to the investigation of climate effects on total factor productivity in US agriculture is Liang et al. (2017) [13] . The study describes the correlations found between regional climate patterns and national level of total factor productivity (TFP) measures. They find that temperature or precipitation explain 70 percent of total factor productivity variation. The growth in total factor productivity for the US case will nevertheless remain positive, as the efficiency increases due to innovation activity in US agriculture are large enough to offset the negative effects of changing weather patterns. The growth in total factor productivity due to weather changes will be curbed by some 1.5 percent by the mid-century if the relationship continues.
Njuki, Bravo-Ureta, and O'Donnell (2018) decompose the growth of a measure of total factor productivity derived from a formulation of the production technology into weather effects, technological change, changes in technical efficiency and changes in scale-mix efficiency [14] . The estimation uses US state-level data for the period between 1960 and 2004 and accounts for growing season temperature and precipitation, as well as intra-annual standard deviations of the growing season temperature and precipitation. The results indicate an annual growth of total factor productivity of 1.5 percent and a small, but statistically significant decline of total factor productivity growth by 0.012% due to weather effects. Wang et al. (2018) use a stochastic frontier production framework to estimate the impact of extreme events on US agricultural productivity based on historical weather data from the period between 1940 and 1970 [15] . They estimate efficiency while accounting for two compound temperature-humidity indices, namely the Temperature Humidity Index (THI) and the Oury index (1965), to capture the weather and climate effects [16] . They find that a higher THI index, which is consistent with more heat waves, and a lower Oury index, which is consistent with drier conditions, contribute to a lower productivity. Projections based on the estimation results indicate an uneven distribution of climate effects on agricultural productivity, with the Northeast, Southeast, and Mississippi Delta being the most highly affected areas.
Zhong, Hu, and Jiang (2019) investigate the climatic and weather determinants of Chinese province level total factor productivity [17] . In a first step, they use a deterministic data envelopment approach to calculate the total factor productivity as a ratio between inputs and outputs. They subsequently employ a spatial econometric model explaining total factor productivity as a function of state investment in agricultural research and development and a range of weather variables such as total annual precipitation, average growing season temperature, and intensity of evapotranspiration. The effects of weather variables on the so-defined total factor productivity are negative and statistically significant.
Model and Empirical Specification
This study uses the simplest possible formulation of the production technology, which allows for efficiency considerations, namely a single-output, single-input formulation. The total input x committed to production results in the total output y so that the radial expansion characteristic of the output distance formulation of the production technology with the help of the auxiliary variable θ holds at:
Individual countries could produce beneath the technologically feasible frontier described by the output distance formulation above. This study hypothesizes that this could be the result of weather conditions and defines a truncated normal stochastic term u it containing these weather conditions for a country i and period t as formalized in (2) .
This term u it is a function of weather variables z it and neutral technological progress t it as described in (3) .
Following Battese and Coelli (1995) the stochastic deviations from the technologically feasible are captured in the log-linearized empirical specification derived from (2) by introducing the truncated normal stochastic term u it in Equation (4) [18] . The formulation of the production technology spans over the two Equations (4) and (5) . It involves a single aggregate input x it and a single aggregate output y it as well as the stochastic error terms v it and w it .
Data
This contribution relies on merging economic and weather information. Economic data originates from the Farm Accountancy Data Network (FADN), which was established by the EU Commission in 1965. The aim of the FADN is to collect data on the accounting, income and business of agricultural holdings in the EU. The data collected serve as a basis for regular reports on the state of agricultural businesses and market [19] . The collection of data and the associated monitoring function represents an essential element in the development of CAP. The data collection of the FADN takes place based on a sample of selected farms from all 28 member states, which represent large parts of the cultivated area and the agricultural production of the EU. The data are collected at the local level by 143 divisions subdivided geographically by Member States [20] .
The FADN variables used are SE131-Total output and SE270-Total Inputs, both measured in billions of Euro. Total Output includes all crops, crop products, livestock, livestock products, and other output. Changes in stocks and valuation are reflected. Total inputs includes all costs linked to the agricultural activity including specific and unspecific costs as well as on-farm use of own products [21] . The dataset in use consists of aggregated farm data at the regional and country level and covers all 28 EU member states. Besides their geographical origin, agricultural holdings are also grouped in six size classes by their gross production. For 25 out of all 28 EU member states, data are available for 14 consecutive years from 2004 to 2016. As Bulgaria and Romania only entered the EU in 2007 and Croatia entered the EU in 2013, data for those countries are provided for the latest eleven or five years. In total, 270 values across 21 member states (Austria, Belgium, Bulgaria, Denmark, Estonia, Finland, France, Germany, Greece, Hungary, Ireland, Italy, Latvia, Luxembourg, Netherlands, Poland, Portugal, Slovakia, Slovenia, Spain, and the United Kingdom) and 13 years were used in the analysis due to data concerns in the corresponding weather observations. Data on weather developments in Europe originate from the European program for earth observation known as Copernicus. In 1998, the European Commission decided to establish a Global Monitoring for Environment and Security (GMES), which would enable joint monitoring of the environment and security by means of satellites. The aim was also to establish a global information service that would provide an interface between collected data and citizens and institutions. In 2012, the European Commission renamed GMES into Copernicus. The opportunities resulting from the program focus on six thematic aspects: atmosphere, sea, land, climate change, security and emergencies [22] .
The county level weather data were extracted from the data set for the European energy sector from the Copernicus program called European Climatic Energy Mixes (ECEM). The underlying data are from the European Reanalysis Interim (ERA) provided by the European Center for Medium Range Weather Forecasts (ECMWF) on six hour basis. The data set consists of eight different weather variables for the period from 1979 to 2016 with an aggregated temporal resolution of one day, month, or year. The spatial resolution is a grid of 0.5 • × 0.5 • . Data is available for clusters from the e-Highway2050 project and aggregated on country level [23] . For further investigation, air temperature and precipitation were selected as the variables. Air temperature describes the temperature at a height of 2 m above the surface [24] , and precipitation describes the accumulated height of rainfall on a flat surface within a certain period of time [25] . In total, temperature and precipitation data were available for 26 of 28 members of the EU on a daily basis. We used the data on temperature and precipitation to construct variables indicating the national annual mean and the variation within a year on a national level.
We cleaned and matched the economic and weather data for the European countries depicted on Figure 1 . The descriptive statistics of the dataset are reported in Table 1 . In Table 1 , we provide information on the mean, maximum, and minimum values for the variables. The values for the first and third quartile are reported to allow an inference on the shape of the distribution of the data, as fifty percent of the observations for individual variables lie between the two. While the economic data exhibits a certain regularity, we can observe that the distributions of the weather variables are skewed. The minimum observed annual temperature of 0.880 and the highest maximum temperature variance of 161.09 can be traced back to Finnish weather conditions in 2010, which were characterized by a cold winter and an untypically warm summer featuring a record national high of 37.2 °C [26] . The unusually large amount of precipitation implied by the value 2269.0 mm was measured in Slovenia in the year 2014 as the country experienced a wave of severe and long-lasting rain [27] . Both extreme inter-annual variations in precipitation, 3.701 and 102.452, respectively, stem from the year 2005 when the Southeast of Spain was exhibiting severe drought while Slovenia and a range of countries in Central and Eastern Europe were facing floods [28, 29] . 
Results and Discussion
We apply panel data tests for the presence of unit roots in order to assess the necessity of applying nonstationary data regression methods such as the method developed by Pesaran et al. (1999) , Granger and Hyung (1999) , or Binder, Hsiao, and Pesaran (2005) [30, 31, 32] . Unit root tests in general would uncover the presence of a stochastic trend in the data. We reject the null hypothesis of a unit root with a variety of tests as reported in Table 2 in favor of stationarity or the lack of a stochastic trend based on standard significance levels and regard the common statistical tests as In Table 1 , we provide information on the mean, maximum, and minimum values for the variables. The values for the first and third quartile are reported to allow an inference on the shape of the distribution of the data, as fifty percent of the observations for individual variables lie between the two. While the economic data exhibits a certain regularity, we can observe that the distributions of the weather variables are skewed. The minimum observed annual temperature of 0.880 and the highest maximum temperature variance of 161.09 can be traced back to Finnish weather conditions in 2010, which were characterized by a cold winter and an untypically warm summer featuring a record national high of 37.2 • C [26] . The unusually large amount of precipitation implied by the value 2269.0 mm was measured in Slovenia in the year 2014 as the country experienced a wave of severe and long-lasting rain [27] . Both extreme inter-annual variations in precipitation, 3.701 and 102.452, respectively, stem from the year 2005 when the Southeast of Spain was exhibiting severe drought while Slovenia and a range of countries in Central and Eastern Europe were facing floods [28, 29] . 
We apply panel data tests for the presence of unit roots in order to assess the necessity of applying nonstationary data regression methods such as the method developed by Pesaran et al. (1999) , Granger and Hyung (1999) , or Binder, Hsiao, and Pesaran (2005) [30] [31] [32] . Unit root tests in general would uncover the presence of a stochastic trend in the data. We reject the null hypothesis of a unit root with a variety of tests as reported in Table 2 in favor of stationarity or the lack of a stochastic trend based on standard significance levels and regard the common statistical tests as reliable in this case. Table 2 displays the results of the unit root tests obtained for a maximum of 4 lags and allowing for an individual intercept and trend with the purtest function in the R package plm. Source: Own calculation based on the data described in Table 1 .
We estimate the empirical specification (2) via maximum likelihood using the R package frontier. Table 3 displays the estimation results. They indicate that European agriculture exhibits decreasing returns to scale, as indicated by the statistically significant coefficient associated with the total input of the size of approximately 0.91. This means that increasing the aggregate input would increase aggregate output by a factor of less than one. The results are significant at the 1% level, as the t statistic, the p values and the significance code indicate. Source: Own estimation based on the data described in Table 1 . Significance codes: *** 0; ** 0.001; * 0.01. Table 3 , the mean estimated efficiency in the model is around 92%. We display the individual country's annual efficiency estimates in Table 4 and in Figure 2 . Efficiency levels close to unity indicate that the production in the specific country takes place on the production frontier or, in other words, that the country is as efficient as it could be. Table 3 illustrates the annual efficiencies for each country and the overall mean, which we calculate as the sum of annual efficiency score over the entire span of the observations divided by the length of the observation period. Source: Own estimation based on the data described in Table 1 . Table 4 .
As reported in
In general, we observe that Eastern and Northern European countries tend to exhibit lower levels of efficiency compared to Western European countries. These efficiency differences are partially explainable by the presence of former East Bloc production structures and conditions, as well as Finland, a country whose harsh and cold climate makes it generally unsuitable for agricultural production. As expected, the effects of climate extremes such as the 2010 European flood wave, the 2012 cold wave, and the year 2013, which brought a cold wave, flooding and a subsequent heatwave, are associated with discernably lowered efficiencies.
With respect to weather, we fail to find evidence that mean annual precipitation is a significant determinant of agricultural production in the European case. We, however, observe significance with respect to all the other environmental variables considered. An increase in mean temperature would lead to a ceteris paribus reduction in output as indicated by the negative sign of the statistically significant coefficient associated with the variable Temperature (Z). The size of the expected output reduction can be determined by calculating the marginal effect of an increase in temperature in Equation (2) . As with the other inefficiency-affecting variables, a local evaluation of the marginal effect of a partial increase is necessary. An evaluation of the marginal product derived from Equation (2) at the sample mean indicates that a slight increase in the Temperature (Z) variable would lead to a reduction in output consistent with a loss of a quarter billion Euro or of about 1.56 percent of the average agricultural output. Likewise, a slight increase in temperature volatility captured by Temperature Var (Z) or precipitation volatility captured by Precipitation Var (Z) would both lead to an output increase and be consistent with gains of 50 and 60 million Euro on average, respectively, or of about 0.3 percent of average agricultural output. However, the economic factors to agricultural production captured by the variable Total Input remain the main determinant of agricultural output and contribute most to explaining the observed variation. The variance associated with the introduction of the weather variables explains a rather small fraction of the overall variance as indicated by the coefficient .
Given this small percentage of variance explained by the weather variables, it is reasonable to test the validity of the inefficiency model, which we do by the means of a likelihood ratio (LR) test. The loglikelihood of the unrestricted model with 8 degrees of freedom is 165.561, while the loglikelihood of the restricted model with 3 degrees of freedom is 91.447. After determining the value of the asymptotically ×2 distributed likelihood ratio test statistic, we rejected the null hypothesis of the weather associated coefficients being jointly zero with a high degree of confidence given a p value of 2.2 × 10 −16 . We concluded that the unrestricted model including the inefficiency terms offers a Table 4 .
With respect to weather, we fail to find evidence that mean annual precipitation is a significant determinant of agricultural production in the European case. We, however, observe significance with respect to all the other environmental variables considered. An increase in mean temperature would lead to a ceteris paribus reduction in output as indicated by the negative sign of the statistically significant coefficient associated with the variable Temperature (Z). The size of the expected output reduction can be determined by calculating the marginal effect of an increase in temperature in Equation (2) . As with the other inefficiency-affecting variables, a local evaluation of the marginal effect of a partial increase is necessary. An evaluation of the marginal product derived from Equation (2) at the sample mean indicates that a slight increase in the Temperature (Z) variable would lead to a reduction in output consistent with a loss of a quarter billion Euro or of about 1.56 percent of the average agricultural output. Likewise, a slight increase in temperature volatility captured by Temperature Var (Z) or precipitation volatility captured by Precipitation Var (Z) would both lead to an output increase and be consistent with gains of 50 and 60 million Euro on average, respectively, or of about 0.3 percent of average agricultural output. However, the economic factors to agricultural production captured by the variable Total Input remain the main determinant of agricultural output and contribute most to explaining the observed variation. The variance associated with the introduction of the weather variables δ 2 z explains a rather small fraction of the overall variance as indicated by the coefficient γ. Given this small percentage of variance explained by the weather variables, it is reasonable to test the validity of the inefficiency model, which we do by the means of a likelihood ratio (LR) test. The loglikelihood of the unrestricted model with 8 degrees of freedom is 165.561, while the loglikelihood of the restricted model with 3 degrees of freedom is 91.447. After determining the value of the asymptotically ×2 distributed likelihood ratio test statistic, we rejected the null hypothesis of the weather associated coefficients being jointly zero with a high degree of confidence given a p value of 2.2 × 10 −16 . We concluded that the unrestricted model including the inefficiency terms offers a superior explanation of the observed data. In a Shapiro-Wilk setting, we failed to reject the null hypothesis of normality of the regression residuals based on a p-value of 0.3191, which led us to believe that our simple linear model is an appropriate and valid simplification of reality.
Conclusions
We formulated a stochastic frontier production model capable of accommodating weather effects as a determinant of agricultural production inefficiency. We provided a way to calculate the expected marginal changes in output associated with an increase in the inefficiency determinants. We tested and confirmed the validity of our model statistically. Evidence of geographical heterogeneity is present in our study similarly to the results reported in the studies of Letta Unlike many of the studies mentioned, we found no evidence that precipitation plays a significant role in the determination of aggregate agricultural output. This does not mean that it could not constitute a significant factor in the production environment in typically dry and warm areas such as the Iberian Peninsula or that this insignificance holds in general. Njuki, Bravo-Ureta, and O'Donnell (2018) found that an increase in precipitation would increase aggregate agricultural output for the US case and Wang et al. (2018) observed similar effects.
Temperature, on the other hand, plays a significant role in determining agricultural production inefficiency and thus affects aggregate agricultural output. An evaluation of the expectation of the marginal product at the sample mean indicates that a marginal increase in temperature would decrease total agricultural output by about 1.6% of the average agricultural output. A similar negative effect of a marginal temperature increase on aggregate agricultural output is reported for the cases of the US in Njuki, Bravo-Ureta, O'Donnell (2018), Wang et al. (2018) , and for China in Zhong, Hu, and Jiang (2019).
We estimate that a marginal increase in either temperature and precipitation volatility would increase the aggregate agricultural output by roughly 0.3% to 0.4%. The only other study considering the second moment of the weather variables as a determinant of inefficiency, the study of Njuki, Bravo-Ureta, and O'Donnell (2018), finds in contrast that a marginal increase in precipitation volatility would decrease the US aggregate output and that temperature volatility is not statistically significant.
The analysis outlined provides pointwise estimates of inefficiency and sensitivity of aggregate output to marginal changes in weather conditions. An extrapolation of these estimation results would require that the estimated functional relationship between aggregate input and aggregate output holds in the future. This is a reasonable assumption if the production technology and farm practices remain the same. However, given the clearly negative impact of an increase in average temperature on aggregate output that will be difficult to offset by the estimated boost due to increased volatility, adaptation measures are called for. Practical measures for adaptation could include the adoption of drought resilient crop varieties or the adoption of water-saving irrigation technologies.
